Determining decision thresholds to separate landmines from clutter is a critical but difficult task in landmine identification procedures because such thresholds depend upon local geology, distribution of landmines and clutter, data acquisition, and cultural and environmental noise at a given landmine cleanup site. We describe a learn-as-you-go approach to build an electromagnetic induction spectroscopy (EMIS) library and decision thresholds for humanitarian demining operations, which include uncertainties regarding the target/sensor position and orientation, target depth, geological and environmental noise, and measurement errors. This approach is then simulated mathematically using electromagnetic (EM) data obtained over the calibration plot at a test site. The resulting EMIS library and thresholds are tested on the EM data colleted in the test squares at the same site. Apparent conductivity converted from the data is used as a detector function, and both spectral shape and amplitude response are used quantitatively in the matching algorithm. Our results show that the detection rates are increased from 92% to 98% and identification rates from 76.2% to 95%, and the false alarm rate is reduced from 13% to 5%, compared with the previous results obtained from the same dataset.
Introduction
Electromagnetic induction spectroscopy (EMIS) is a promising method for identifying buried metallic objects, such as UXO and landmines, based on its spectral response over a broad frequency bandwidth (Won et a!., 1998 ,2001 , Zeng et a!., 2008 . The spectral response of an object is a function of its electrical conductivity, magnetic permeability, shape, size, depth, and orientation. For a specific landmine, however, its shape, size, conductivity, permeability, and orientation are given, leaving depth as the only variable with which the spectral response may vary. The GEM-3 is a broadband electromagnetic sensor that was used to evaluate the soil properties and to detect targets in the near subsurface.
In most cases, the source field transmitted by the GEM-3 sensor is approximately uniform at the land mine so that it would produce the same spectral shape regardless of its distance from the sensor [Huang, 2003a] . Thus, the spectra measured at various depths is the same shape except for a scale factor (Huang and Won, 2003a; SanFilipo et aI., 2005) . Thus, one tries to match an observed spectrum, in terms of the shape, against signatures from known landmines that are stored in an EMIS library. Usually, the matching misfit is quantitatively utilized as a primary parameter to present the goodness in spectral matching. The amplitude response is qualitatively used as auxiliary information to reject clutter items that are identified as a landmine based on the spectral shape.
Algorithms based on the above strategy were used in several extensive tests at test sites established by the U.S. Army at Fort A.P. Hill, Virginia, and Aberdeen Approving Ground (APG), Aberdeen, Maryland. The results indicate that the EMIS method identified almost all high metal content mines, such as the VAL69 and TM46, and medium-metal content mines, such as the VS50 and TS50, with a very low false alarm rate. The low-metal content mines, such as the M19, VS2.2, M14, PMA3, Tn, TMA4, and TM63P3, can be discriminated from clutter if they yield reliable signals, but often at a much higher false alarm rate SanFilipo et at., 2005) . The primary reason for this is that the signals from the low-metal mines are intrinsically weak, and thus are subjected to greater distortion by the uncertainties regarding the target/sensor position and orientation, target depth, geological and environmental noise, measurement errors, and background variance. Infrequently, this results in no significant difference between the landmines and clutter misfits.
It is important to increase discrimination capability and reduce the false alarm rate, particularly for the low-metal landmines.
Many researchers have made attempts to this end using statistical or other sophisticated methods (e.g., Collins et al., 2002; Schwartz et aI., 1995) . Some techniques incorporate information into the algorithms about the response across an entire spatial region above or around a landmine, which significantly improves discrimination between targets and false alarms (Gelenbe and Kocak, 2000; Huettel et aI., 2003) . An algorithm that includes both theoretical model and the uncertainties associated with the target/ sensor relative position also provides a substantial performance gain over those that utilize a theoretical model only (Gao et aI., 2000) . The statistical signal processing approaches can improve the detection and classification ability of low-metallandmines, however, it is often difficult to achieve these gains without incurring a data acquisition and computational burden .
Another approach that is worth evaluating is to incorporate uncertainties associated with separating mines from clutter items into the EMIS library and decision thresholds. In this paper, we describe a learnas-you-go approach to establish the EMIS library and decision thresholds using the electromagnetic (EM) data obtained from the calibration test plot at Fort A. P. Hill. The measurement uncertainties are included in the library and thresholds. The simplest conventional matching algorithm and single-point data over a target are used. Once the library and thresholds are built, a test is performed using the data obtained at the grids at the same site. Finally, the test results are analyzed against the ground truth. where x is the data vector defined as the observed spectrum (x), X2, ... , X2N), and Yi is the library vector containing the spectrum of )-th mine (Yh Y2, ... , Y2N)· Here, N is the number of frequencies and M is the number of landmines in the library.
In our previous work (Huang and Won, 2003a) , the normalized spectra for the observed data were used to match the spectral shape, while amplitude response was qualitatively used as an auxiliary parameter to reject cutter items (e.g., Huang and Won, 2003a; SanFilipo et aI., 2005) . The reason for doing this is to keep the library as small as possible to simplify the matching process. However, the amplitude response plays an important role in target identification and should have been used quantitatively.
In practice, the measured spectrum is scanned through the library to find a best match. Then, if the lowest misfit is less than a given threshold, the object is declared to be a particular landmine. Otherwise, the object is rejected as clutter. The matching threshold for each landmine is obtained from experiments. The criterion should err on the side of caution so that the process, when not certain, sides with declaring an object as a landmine rather than as clutter. This is because the identification of landmines is very different from the detection of landmines.
In landmine detection and clearance operations, all objects that are detected are excavated. However, in landmine identification the operator may step over an object that is declared as clutter. Thus, safety is a main concern in a landmine identification operation.
Establishing EMIS Library and Decision Thresholds General Approach for Identifying a Target
A general approach for identifying a target is to match the EMIS spectrum measured above the target against signatures from known targets that are stored in an EMIS library. In a simple scenario, we first conduct a detection survey using multiple frequencies optimally chosen for a given geologic and cultural environment. When a suspected target is detected, as indicated by an audible tone emitted by the sensor, the sensor is placed directly over the target, i.e., at a spot of highest tonal output, and the target's electromagnetic spectrum is recorded, which is then scanned through a spectral library for matching to identify the target as a particular landmine or, if no match is found, to declare it as clutter. The goodness of matching can be given by the misfit
The EMIS libraries were built by carefully measuring the known landmines buried in a calibration plot or in air. The sensor can be placed directly over the target, yielding a perfect or standard library. This may ignore the uncertainties about the sensor/target position and orientation, target depth, geological and environmental noise, and measurement errors, which are often encountered in a real minefield clearance operation. Also, an EMIS library should include several items at different depths for the same landmine type because the amplitude response is very sensitive to the distance between the sensor and a target. Although a variation in depth is represented theoretically by scaling the amplitude response, including the actual response is feasible in practice because the range of depths for landmines is limited. Occasionally, a given type of landmine is made of different materials and therefore may exhibit different EMIS spectra; in this case, each landmine is treated as a separate target. The black and white scale represents the apparent conductivity converted from the data. The clutter items in E are non-metal for the radar test except for that at E23, which is a low-metal mine VS1.6 but is considered as clutter here since it was not buried in the test squares.
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Sweep the sensor searching for a target Scan through the library to find the best matched mine Ms, and then excavate the target Determining decision thresholds to separate landmines from clutter is a critical but difficult task in landmine identification procedures. Clutter objects can be any shape and their EMIS could be very close to that of a landmine. Thus, in order to identify a landmine, accurate EMI spectrum must be observed. Signals from low-metal mines are very low and easy to be contaminated by cultural, geologic and environmental noise which varies from location to location. Also, EMIS may vary because of changes in sensor/target position and orientation.
Therefore, such thresholds depend upon local geology, distribution of landmines and clutter, data acquisition, and cultural and environmental noise at a given landmine cleanup site. One can only determine the thresholds experimentally and locally as well. In general, for safety the thresholds obtained at one minefield clearance operation may not be used at another unless tests show that the thresholds are valid for an other site.
Below we describe a learn-as-you-go approach to build the EMIS library and thresholds, which includes the uncertainty conditions and multiple entries for the same landmine type. Figure 1 shows a flow chart of the approach.
Starting with an empty library, data are collected over the known landmines buried in the calibration grids or over the landmines in air to create YM = x, and tM =0. If My = MB, and if the existing threshold tB <X2, then tB =X2 If a clutter item is excavated, the spectrum is not stored and the operator continues searching for the next target. This cycle is repeated as many times as practical until the operator feels confident in the ability of the library to distinguish landmines from clutter. Some landmines could still have zero thresholds after this procedure is finished. The highest threshold for the same landmine type can be assigned to them. We simulate the decision procedure mathematically using the EM data collected in the calibration lanes at Fort A. P. Hill in 2001. The calibration plot contains 125 test squares of 1 by 1 meter. A total of 11 landmine types, with most types appearing at least twice at different depths, are buried. Figure 2 shows the calibration plot which contains 26 known landmines and 36 clutter items. The black and white shading represents the apparent conductivity in mS/m converted from the EM data, which were collected at ten frequencies ranging from 750 Hz to 24 kHz (Huang and Won, 2003a) . Two data acquisition modes were used, stationary and profiling. The former mode yields a single spectral response over each landmine, and the latter produces about 20 spectra above each landmine.
The stationary data are used as the initial library and the profiling data as the observed responses in the searching. The resulting library contains 39 landmines with their associated thresholds, as illustrated in Fig. 3 . The number of items for each landmine type depends on the number of the same landmines buried in the calibration plot and the uncertainty of the measurements. In general, the low-metal mines appear in the library more than the medium-and high-metal mines because of their low signal level. For example, there are 5 M14s buried in the calibration grid, and their signals are relatively low because of their low-metal content. In
where tj is the threshold for the i-th mine. At the beginning we set t=O. We search for targets in the calibration grid as would be done in a real minefield clearance operation.
Once a target is detected, the matching process begins, keeping the observed spectrum x and best matched mine My in the buffer of the sensor's computer. The target is then excavated. If the excavated item is a mine, My, and if My 0/= MB (where ME is the mine stored in memory), then the observed spectrum x for MB is added to the landmine library, i.e., M = M+l, an initial library, which can be written as a matrix,
is. 2~·" I( - Figure 5 . Layout of the test squares with the ground truth and the apparent conductivity (left) and magnetic susceptibility (right) shown in black and white.
non-metal items, are buried in the test grids, along with 439 squares that are blank (empty). Geophex, Ltd. collected and processed the EM data and reported the results to the testing agency, the Night Vision Labora- 0
We test the established library and thresholds on the data obtained by Geophex Ltd. in the test area at Fort A.P. Hill. As illustrated in Fig. 5 , the test grid is 49 111 by 20 m and contains 980 I-m2 squares. The grid is divided into 20 separate lanes labeled A-T, each with 49 squares labeled 1-49. At the center of each square is a buried landmine, clutter item, or nothing. In total, 101 landmines out of the 11 mine types and 440 clutter items, consisting of 353 ferrous, 45 non-ferrous, and 42
Test Grid Data order to improve the accuracy of identification, we have 11 models of them in the library. On the other hand, V AL69 and TM46 yield very high signal, and therefore only one of each is in the library. Figure 4 shows the spectra for II M 14s and 3 TM62P3s in the resulting EMTS library. The dispersion of the curves reflects the uncertainties concerning the target/sensor position and orientation, target depth, geological and environmental noise, and measurement errors.
Identification results from the test at Fort A.P. Hill in 2001. The clutter items for radar are counted as blank. sum (Q-sum). The spectral shape was quantitatively used to present the goodness of the spectral matching in the matching algorithm. The amplitude response was qualitatively used as auxiliary information to reject cutter items.
Based on the test results from the test grids, the testing agency constructed the ROC (receiver-operator characteristics) curve shown in Fig. 6 . From this plot, 92% of the landmines were declared at a false alarm rate of about 13% (Huang and Won, 2003a) . The Army released the ground truth in 2003. Huang et al. (2005) analyzed the test results against the ground truth to improve the sensor performance and algorithm. From this analysis, 93 out of 101 buried landmines were correctly declared to be mines; 1 medium-metal and 2 low-metal mines were declared as clutter; and 5 lowmetal mines were missed. The number of false alarms was 117 from 879 opportunities. Table 1 gives the details of the identification results.
The same dataset was reprocessed using the new library and thresholds based on the algorithm in Eq. (1) in this test. A detector function (Huang and Won, 2003b ) is used to recognize a target. The detector function is a single channel that is created from all data channels. In this paper, the apparent conductivity, shown by the black and white in Fig. 5 (left) , is used as the detector function instead of the Q-sum (Huang and Won, 2003b) . The apparent conductivity detects 99 landmines and misses only two M19s, while the Q-sum missed three M19s and two TMA4s, as shown in Table 1 . The apparent magnetic susceptibility is also illustrated in Fig. 5 (right) as an auxiliary parameter to recognize whether or not a target is ferrous. Figure 6 shows the ROC curve constructed from the identification results and are compared with that obtained in 200 1; the details are listed in Table 2 . Overall, we correctly declare 99 out of 101 buried landmines, and 96 of them are identified correctly by name. Two M 19s out of five are undetected and the others are misidentified as other low-metal antitank mines. One blank square and 43 metal clutter items were declared to be mines, resulting in a false alarm rate of 5%. Compared with the results obtained in 2001, the mine detection rate is increased from 92% to 98°;;),the false alarm rate is reduced from 13% to 5%, and the number of mines correctly identified by name is increased from 77 (76.2%) to 96 (95%).
Conclusions
We described a learn-as-you-go approach to build EMIS library and decision thresholds for humanitarian demining operations, which incorporates the uncertainties associated with the target/sensor position and orientation, target depth, geological and environmental noise, and measurement errors. The approach is then simulated mathematically using the EM data obtained in the calibration plot at Fort A.P. Hill, Virginia. The resulting EMIS library and thresholds are tested on the data collected in the test squares at the same site. Apparent conductivity, converted from the EM data, is used as a detector function, and both spectral shape and amplitude response are used quantitatively in the matchi.l1galgorithm. When compared with the results obtained in 2001 from the same dataset, our results show that the landmine detection rates are increased from 92% to 98%, the identification rates are increased from 76.2% to 95%, and the false alarm rate is reduced from 13% to 5%.
